Bacterial genome annotations are accumulating rapidly in the GenBank database and the use of automated annotation technologies to create these annotations has become the norm. However, these automated methods commonly result in a small, but significant percentage of genome annotation errors. To improve accuracy and reliability, we analyzed the Caulobacter crescentus NA1000 genome utilizing computer programs Artemis and MICheck to manually examine the third codon position GC content, alignment to a third codon position GC frame plot peak, and matches in the GenBank database. We identified 11 new genes, modified the start site of 113 genes, and changed the reading frame of 38 genes that had been incorrectly annotated. Furthermore, our manual method of identifying protein-coding genes allowed us to remove 112 noncoding regions that had been designated as coding regions. The improved NA1000 genome annotation resulted in a reduction in the use of rare codons since noncoding regions with atypical codon usage were removed from the annotation and 49 new coding regions were added to the annotation. Thus, a more accurate codon usage table was generated as well. These results demonstrate that a comparison of the location of peaks third codon position GC content to the location of protein coding regions could be used to verify the annotation of any genome that has a GC content that is greater than 60%.
Introduction
The Sanger sequencing method was developed in 1977 [1] , and it remained the primary method of genome sequence analysis for approximately 25 years. The subsequent automation of this method led to many key large-scale accomplishments ranging from the first completed sequence of the 16,569-base pair human mitochondrion in 1981 [2] , to first bacterial genome sequence [3] , to the completion of the 3 GB human genome [4] which took over a decade to complete. Although Sanger sequencing is considered to be a highly accurate method, it is limited by cost, speed, throughput and scalability. As a result, next-generation technologies emerged that have vastly reduced the time and cost of nucleotide sequencing. Human genomes now can be sequenced in two hours for as little as $1000 in materials [5] and multiple microbial genome sequences can be determined in one day using a single sequencing machine [6, 7] . While the current technologies can generate large amounts of sequence data, it has proven difficult to assemble the sequence data into a finished genome. In November 2013, there were more than 2400 finished and more than 8700 draft bacterial genomes in the IMG database (http:// img.jgi.doe.gov/cgi-bin/w/main.cgi). This 3.5-fold difference in draft genomes is likely due to the short reads and lack of pairedend reads for each DNA fragment which are important for orientating and assembling a complete genome [8] . However, even with paired-end reads, it is often difficult to assemble a complete bacterial genome using only short read data [9, 10] . This problem has been solved by the availability of long read data that can be used to accurately place repeated sequences [11] (D. Scott and B. Ely, manuscript in preparation). Thus, the number of finished bacterial genomes is likely to increase dramatically in the near future.
As more genomes are sequenced the need for rapid and inexpensive genome annotation has resulted in a reliance on automated genome analysis and annotation [12] . Automated annotation seeks to identify open reading frames and determine if a given open reading frame codes for a protein based on a particular set of criteria. Once a protein coding region is identified, the amino acid sequence is compared to those in the current database of protein amino acid sequences to determine if it is homologous to proteins of known function. Popular methods for identifying protein coding regions include Glimmer [13, 14] , GenemarkHMM [15, 16] , and Prodigal [17] , and programs which transfer information directly from closely related genomes such as RATT [18] and BG7 [19] . Studies have demonstrated that purely bioinformatics-based pipelines fail to annotate short-length proteins [20] , and high G+C content sequences [14, 17, 21] . Other scientists have also found that automated annotation methods lead to the selection of the wrong reading frame, over-annotation of protein coding genes, and incorrect start codon positions, which are all common problems in the microbial genomes deposited in GenBank. For example, E. coli has been found to have ,500 fewer genes than originally reported [22] . It is estimated that overannotation is as high as 20% in many genomes [22, 23] .
Over-annotation of genomes results from false positive gene detection which means that the genomes contain significant numbers of annotated ORFs that do not code for proteins. These non-coding regions are evident when they overlap a known coding region, but they are more challenging to identify in intergenic regions particularly if they purport to code for small proteins. The annotation of genes coding for large proteins can often be confirmed by matches to homologous genes in other organisms. However, it is much more difficult to identify homologs to small proteins [24, 25] since small regions of amino acid sequence homology occur by chance in unrelated proteins. Another approach used to identify genes that code for proteins is codon usage bias. Codon usage bias is the preferential use of particular codons over others that code for the same amino acid in protein coding regions of DNA. Codon usage bias is greatest in highly expressed genes, whereas genes expressed at very low levels have more uniform levels of codon usage [26, 27] . Therefore it is likely that those ORFs that do not code for proteins have an atypical pattern of codon usage and that this atypical pattern of codon usage could be used to identify inappropriately annotated ORFs. The problem with this approach is that there are genes that are known to code for proteins that also have atypical codon usage patterns. Also, genes that are acquired by horizontal gene transfer from another organism may have patterns of codon usage that are characteristic of that organism but are atypical in their new host genome. Scientists have attempted to overcome these common annotation challenges by using proteomics or RNA sequencing technologies [28] . However, it is not possible to use proteomics to prove that a particular protein is never made. Also, potential coding regions can be transcribed but not translated so the presence of a transcript does not necessarily mean that an open reading frame actually codes for a protein. Therefore, it is important to develop approaches to improve current bacterial genome annotations.
Recently, Yu et al. [29] used a combination of two algorithms to identify 72 and 76 hypothetical genes as non-coding in the genomes of Pyrococcus horikoshii and Caulobacter cresentus strain CB15, respectively. When we reviewed the results of the C. crescentus analysis using a manual inspection of the relevant areas of the genome, we found that we agreed with most of their conclusions. However, we readily identified a number of additional hypothetical genes that probably did not code for proteins. Therefore, although manual re-annotation of microbial genomes is timeconsuming, we decided to employ a combination of the computer program MICheck [30] and a manual re-annotation method to improve the accuracy and reliability of the NA1000 genome. We reanalyzed the NA1000 genome because it is the most accurately sequenced and annotated version of the CB15 genome [31, 32] , and it is closest to the strain of CB15 that was originally deposited with the ATCC (Melissa Marks, personal communication).
A second problem with current bacterial annotations is that annotation programs often use the first start codon that occurs in an open reading frame. Neilsen et al. [33] reported that up to 60% of annotated prokaryotic genomes contain errors in start/stop codon prediction that can lead to false conclusions about coding sequences and codon usage patterns. To correct this problem, changes in codon usage patterns can help predict the location of the actual start codons in protein coding regions. In organisms with a high genomic GC content such as C. crescentus, there is a very high probability that the third codon position will be a G or C, so a third codon position GC content analysis can be used to predict the start of coding regions. Also, comparisons to the amino acid sequence of homologous proteins can be used to predict translation start sites. Therefore, we used a combination of these two approaches to verify the position of the translation start codons in the NA1000 genome.
Materials and Methods
The annotated genome of C. crescentus strain NA1000 (also known as C. vibiroides NA1000; Version 23-DEC-2012) was downloaded from GenBank (http://www.ncbi.nlm.nih.gov) and analyzed both with the computer program MICheck (http:// www.genoscope.cns.fr/agc/tools/micheck/Form/form.php,) and manually using the computer program Artemis [34] . For the manual annotation, each protein coding sequence (CDS) in the entire genome was examined for third codon position GC content, alignment to a third codon position GC frame plot peak (Fig. 1) , and matches in the GenBank database. If a region of the genome included transposase or phage genes and it did not have the host pattern of codon usage, the third codon position peaks of GC content were not observed, and therefore, they could not be used to determine the position of start codons or whether the designated reading frames actually coded for a protein. Therefore, these atypical gene regions were excluded from the analysis. For the remaining genes, if the third codon position GC content was low and lacked a distinct GC peak, and if the deduced amino acid sequence had no significant matches in the Genbank database, the coding sequence was considered to be misannotated and the alternate reading frames were examined to determine if the wrong reading frame had been chosen. An alternate reading frame was considered to be the correct reading frame when the new stop and start codons aligned with the beginning and end of a high third codon position GC peak and when the deduced amino acid sequence of the new peak had significant matches in the Genbank database. If none of the alternate reading frames met these criteria, the gene was considered to be misannotated and was deleted from the annotation. Other coding regions were identified that appeared to be annotated in the correct reading frame, but the annotated reading frame started before the beginning of the high GC peak and the start codons in the matching genes in Genbank were downstream from those used in the current NA1000 annotation. Therefore, the annotation of these genes was modified by the selection of a new start codon that did match the start site of the genes in the database and that also corresponded to the beginning of the GC frame plot peak in the NA1000 annotation.
Results and Discussion
The annotated genome of C. crescentus strain NA1000 (Version 23-DEC-2012) is approximately 4 Mb in size with 3879 genes and a GC content of 67.2%. We analyzed this version of the annotation using MICheck [30] to identify possible instances of misannotation. In addition, since NA1000 has a high GC content, we were able to assess the quality of the 23-DEC-2012 version of the annotation by using the GC frame plot feature in Artemis [34] . Most NA1000 protein coding regions have high third codon position GC content, and the graphical output of the GC frame plot makes it easy to distinguish a protein-coding reading frame from a non-coding reading frame. For example, the acrB4 gene is correctly annotated in the +3 reading frame that starts and ends at the boundaries of the third codon position high GC peak (Fig.1) . In contrast, the alternative minus-2 open reading frame starts at the beginning of the high third position GC peak but terminates well before the end of the high GC peak so it is not likely to code for a protein. With the aid of GC frame plot, each CDS in the 23-DEC-2012 version of the annotation was manually evaluated and considered to be a true protein-coding gene if the start and stop codons corresponded to the beginning and end of a GC frame plot peak, respectively, and if the reading frame did not overlap an adjacent CDS more than a few bases. More than 90% of CDS examined met these criteria and were considered to be accurately identified protein coding genes using both MICheck and the manual method. In addition, both methods identified large numbers of misannotated genes. The two lists of misannotated genes had considerable overlap but each method was able to identify significant numbers of misannotated genes that had been overlooked by the other method.
In contrast to the acrB4 gene, the positions of 38 genes did not align with a third codon position GC peak and had no significant database matches. However, in each case there was an alternative reading frame that did have a high third codon position GC content that was aligned with a set of start and stop codons (Table 1) . For example CCNA_01867 was originally thought to code for a protein in the +1 reading frame with no match in the GenBank database (Fig. 1) . However, the highest third codon position GC peak corresponds to the -3 reading frame, not the +1 reading frame. This inconsistency led us to identify the -3 open reading frame ( Fig. 1 pink bar) as an alternative reading frame. When the amino acid sequence of this alternative reading frame was compared to those in the GenBank database, more than 50 significant matches to a highly conserved sugar transport protein gene were obtained. Therefore, we concluded that the -3 reading frame was the correct reading frame. Similar results were obtained for the other 37 genes listed in Table 1 . Of the 38 newly identified reading frames, 26 had strong matches to previously annotated genes in other species of Caulobacter and five of these 26 matches were to genes coding for proteins with known functions. Most of the remaining newly identified reading frames coded for proteins that matched proteins from other species of bacteria that are closely related to Caulobacter. Thus there is strong evidence in each of these 38 cases that the correct reading frame had not been identified in the original NA1000 annotation.
In three of the 38 cases described above, CCNA_02393, CCNA_02871, and CCNA_02968, we also identified a second open reading frame where there was a clear high third codon position GC peak that did not correspond to a previously annotated gene or overlap with the adjacent genes. When the predicted amino acid sequences of these open reading frames were compared to those in the GenBank database, there were significant matches to a metallo-bactalactamase, a phage protein, and a conserved hypothetical protein (Table 2 ). In addition, we identified eight other previously overlooked open reading frames in other parts of the NA1000 genome that had significant database matches (Table 2) . Therefore, we concluded that each of these eleven regions coded for a protein, and we added them to the NA1000 annotation.
There were numerous additional genes that did not align with a third codon position GC peak and had no significant matches to any genes in the GenBank database. Many of these genes were in regions that included mobile elements, phages, or other insertions and had low third codon position GC content. Since most of these regions had a reduced overall GC content, the protein-coding genes in these regions would not be expected to align with a high third codon position GC peak, and therefore no changes to the annotation of the genes in these regions were proposed. However, we did identify 112 genes in the current annotation that were not associated with mobile elements or other low GC regions of the genome and also did not align with a third codon position GC peak (Table 3 and Table S1 ). These genes also did not have significant matches to any genes in the GenBank database. Therefore, we propose that these 112 genes do not code for a protein and should be removed from the 23-DEC-2012 annotation. This conclusion is consistent with the data of Christen et al. [32] and Fang et al. [35] , which showed that none of the 112 genes coded for essential proteins.
After two of the 112 genes, CCNA_00584 and CCNA_02119, were deleted, we realized that in both cases the location of the third position GC peak of the adjacent gene suggested that it probably used an upstream start codon. This hypothesis was confirmed by a BLAST analysis that showed a homologous region upstream of the previously annotated start codon and a new start codon was chosen that better fit the GC peak and was consistent with that of the database matches. Thus we added 573 nucleotides to CCNA_00583 and 639 nucleotides to CCNA_02118, adding 191 amino acids to the hypothetical protein coded by CCNA_00583 and 213 amino acids to the ATP-dependent helicase protein coded by CCNA_02118.
Although in the two cases described above the annotated genes were shorter than the actual genes, we found more than 100 instances where the annotated gene was too long, and that beginning the gene with a downstream start codon was more appropriate. When the alignment of the annotated genes was compared with the position of the high GC third codon regions, we found 111 genes where the currently defined coding region was in the correct reading frame, but the reading frame started before the beginning of the high GC third codon position peak (Table 4  and Table S2 ). When the predicted amino acid sequence of these 111 genes was compared to those of the homologous genes in the GenBank database, the start codons in the homologous genes were downstream from those used in the NA1000 current annotation. For example, when CCNA_00338 was compared to the GenBank database, the amino acid sequences of the matching proteins started approximately 78 amino acids downstream from the first amino acid in the original CCNA_00338 annotation. Therefore, a new start codon 234 bases downstream of the original start codon was chosen to match the start site of the homologues in the database. Significantly, the new start codon corresponded to the beginning of the high GC frame plot peak in the NA1000 annotation whereas the original annotation of the coding region started prior to the high third position GC peak and overlapped the coding region of CCNA_0037 (white box in Fig. 2) . Thus, the comparison of the coding regions to the corresponding high GC peak allowed us to confirm and correct the start codon of the CCNA_00338. A similar approach was utilized for the remaining 110 genes that were shortened (Table 4 and Table S2 ).
Once the review of the current annotation was completed, we realized that the changes in the annotated reading frames that resulted in the removal of regions that did not actually code for proteins might remove a significant fraction of the genes containing atypical codon usage patterns. As a result, we predicted that there would be a reduction in the frequency of rarely used codons in a revised codon usage table that was based on the improved annotation. Therefore, a new codon usage table from the updated annotation of NA1000 was derived using the Artemis program. For this comparison, codons were considered to be rare codons if the relative occurrence of the codon was less than 10 per thousand in the codon usage table derived from the 23-DEC-2012 version of the annotation. Using this criterion, we identified 33 rarely used codons and found that the relative occurrence decreased for 26 out of these 33 rare codons when the old and new codon usage tables were compared (Fig. 3) . Six of the other seven rare codons were used at the same frequency and one, UAU, was used slightly more frequently. Conversely, the relative occurrence of 16 out of the 28 more commonly used codons increased and seven others stayed the same (Fig. 3) . In the remaining five commonly used codons, the frequency went down but the frequency of the most common codon of that codon family increased in each case. This reduction in the use of common, but second choice codons would be consistent with expected changes resulting from the removal of noncoding regions from the annotation. In the remaining case, the frequency of both glutamate codons decreased indicating that glutamate codons were over-represented in the regions that are no longer considered coding regions. Thus these results are consistent with the idea that the two methods of identifying protein-coding genes allowed us to remove non-coding regions that had atypical codon usage patterns.
In this study, we demonstrated that a combination of a manual inspection with an automated evaluation of the C. crescentus genome annotation using MICheck resulted in the identification of more than 200 errors in the existing annotation. Each evaluation method found annotation errors that were not identified by the other method. Therefore, it appears that our manual approach checks for patterns based on third position GC content that are not assessed by MICheck. However, MICheck was able to identify annotation errors that our manual approach should have detected but they escaped the attention of our human analysis. This problem with the manual analysis could be corrected by automating our manual pattern recognition approach. The program would first calculate the third position GC content for each of the six possible reading frames excluding regions with low overall GC content, and then, compare the positions of the regions of high third position GC content to the positions of the annotated coding regions and generate a file of regions where a one to one correspondence was absent. If no annotated coding regions were detected opposite a high third position GC peak, the open reading frames (ORFs) in the region would be examined for an appropriate match. If a matching ORF was identified, the corresponding amino acid sequence would be compared to the NCBI database using BLAST, and the presence of significant matches in the database would verify that the ORF coded for a protein. Similarly if no high third position GC peak was present for a particular annotated coding region and the flanking genes did have high third position GC peaks, the corresponding amino acid sequence would be compared to the NCBI database using BLAST, and the absence of significant matches in the database would suggest that the ORF was unlikely to code for a protein. In cases where the high third position GC peak was downstream from the beginning of the annotated coding region, the corresponding amino acid sequence also would be compared to the NCBI database using BLAST, and the positions of the first amino acids of the database matches would be compared to that of the annotated gene. If the annotated gene contained a second start codon that corresponded to the one used in the database matches, the annotation would be changed to use the alternate start codon. This type of automated analysis of the location of the high third position GC peaks relative to the designated protein coding regions would save a considerable amount of time and eliminate the human errors that arise from a manual analysis.
In summary, we used an analysis of third codon position GC content to improve the accuracy of the C. crescentus NA1000 genome annotation. We identified 11 new genes, modified the start site of 113 genes, changed the reading frame of 38 misidentified genes, and removed 112 non-coding regions that had been designated as coding regions. We have observed that high third position GC peaks are present in genomes with an overall GC content of 60%. Therefore, an analysis of the location of the high third position GC peaks with respect to the position of protein coding open reading frames could be used to verify the genome annotation for any species with a genomic GC content that is greater than 60%. 
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